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2 Abstract 22 1. A crucial step in the use of DNA markers for biodiversity surveys is the assignment of Linnaean 23 taxonomies (species, genus, etc.) to sequence reads. This allows the use of all the information 24 known based on the taxonomic names. Taxonomic placement of DNA barcoding sequences is 25 inherently probabilistic because DNA sequences contain errors, because there is natural 26 variation among sequences within a species, and because reference databases are incomplete 27 and can have false annotations. However, most existing bioinformatics methods for taxonomic 28 placement either exclude uncertainty, or quantify it using metrics other than probability. 29 2. In this paper we evaluate the performance of a recently proposed probabilistic taxonomic 30 placement method PROTAX by applying it to both annotated reference sequence data as well 31 as unknown environmental data. Our four case studies include contrasting taxonomic groups 32 (fungi, bacteria, mammals, and insects), variation in the length and quality of the barcoding 33 sequences (from individually Sanger-sequenced sequences to short Illumina reads), variation 34 in the structures and sizes of the taxonomies (from 800 to 130 000 species), and variation in 35 the completeness of the reference databases (representing 15% to 100% of the species). 36 3. Our results demonstrate that PROTAX yields essentially unbiased assessment of probabilities 37 of taxonomic placement, and thus that its quantification of species identification uncertainty is 38 reliable. As expected, the accuracy of taxonomic placement increases with increasing coverage 39 of taxonomic and reference sequence databases, and with increasing ratio of genetic variation 40 among taxonomic levels over within taxonomic levels.
Introduction 52 In this paper, we use the term 'DNA barcoding' to refer to molecular species identification with 53 the help of 'barcoding' genes, which are short sequences of DNA that vary greatly between 54 species but little within species (Hebert et al. 2003) . DNA barcoding has revolutionized biological 55 studies by increasing the speed and reliability of assigning Linnaean taxonomies to biological 56 specimens (Ratnasingham and Hebert 2007) . When combined with high-throughput sequencing, 57 barcoding can be applied to bulk samples or environmental DNA, which approach we call here 58 'DNA metabarcoding' (Taberlet et al. 2012; Yu et al. 2012) . 59 In the metabarcoding pipeline, DNA is extracted from a bulk sample containing potentially 60 multiple species, a taxonomically informative gene is PCR-amplified, and the resulting PCR-61 products are sequenced. The raw sequence output is processed through a bioinformatics pipeline 62 that includes denoising and removal of low quality and chimeric sequences, assignment of 63 sequences to their samples, and grouping similar sequences into 'operational taxonomic units' 64 (OTUs) . OTUs are meant to represent distinct biological taxa, usually distinct species. The term 65 OTU indicates that the clusters are not necessarily biological species but that they can be 66 considered as species hypotheses. This is because OTUs are typically defined phenetically using a 67 sequence-similarity threshold. Finally, in a crucial step, the researcher wishes to know the species 68 identities behind the OTUs, i.e. to place them into a Linnaean taxonomy. 69 Taxonomic placement of OTUs to high-level ranks (phylum, class, order) is relatively 70 straightforward (e.g. Yu et al. 2012) , whereas placement to lower ranks (family, genus, species) 71 has remained more difficult. This is partly because of the limited information contained in the 72 short sequences generated by high-throughput sequencing platforms, and partly because of the 73 incomplete nature of reference databases, with missing taxa and limited within-taxon sampling 74 (Lou and Golding 2012) . Furthermore, widely applied methods for low-level taxonomic placement 75 lack a proper assessment of identification reliability. For example, a user of the Barcode of Life 76 Database System (www.boldsystems.org, accessed 5 Aug 2016) encounters the warning "this 77 search only returns a list of the nearest matches and does not provide a probability of placement 78 to a taxon". As we discuss in more detail below, the ability to conduct reliable low-level taxonomic 79 placement would make major contributions to species-level analyses, community-level analyses, 80 as well as metabarcoding methodology itself. 81 
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The value of assigning species names to barcoding sequences is that it allows one to link the 82 samples to the rest of our vast biological knowledge (Janzen et al. 2005) . For instance, if 83 mammalian DNA isolated from a mosquito blood meal can be reliably assigned to red fox (Vulpes 84 vulpes), it enables one to combine the sample with many other kinds of information. These may 85 include information on the red fox's behaviour, population growth rate, age structure, geographic 86 distribution, habitat requirements, and trophic position, such as its top-down control of rodent 87 vectors of Lyme disease (Levi et al. 2012 phylogeny from all available reference sequences, after which they place the OTUs within the 125 phylogenetic tree. 126 A major challenge affecting all taxonomic placement methods is that reference databases are 127 incomplete, and that they may contain mislabelled reference sequences. This is especially 128 problematic when trying to identify a sequence within a large taxonomic clade in regions of high 129 biodiversity where many organisms have yet to be sequenced. Ideally, uncertainty due to 130 incomplete or mislabelled reference sequences should result in taxonomic placement to higher 131 taxonomic ranks, not to the most similar reference sequence that happens to be available. Thus 132 far, only heuristic solutions to this problem have been proposed. For example, in MEGAN, a 133 lowest-common-ancestor (LCA) assignment algorithm uses several best BLAST hits to determine 134 the taxonomic level into which the assignment is given, but incomplete reference databases may 135 still lead to false annotations. 136 In our previous work, we developed the bioinformatics pipeline PROTAX (PRObabilistic TAXonomic given taxonomic unit for 100 sequences, the classification will be on average correct for 80 of 152 those sequences, whereas it will not be correct for 20 of the sequences. 153 This paper has two aims. The first aim is to evaluate the potential of DNA (meta)barcoding for 154 obtaining species-level identifications, given the current state of taxonomic databases, sequence 155 reference databases, and sequencing technologies. The second aim is to evaluate the 156 performance of PROTAX as a general tool for taxonomic placement. To address both aims, we 157 apply PROTAX to four contrasting case studies, which differ greatly in their taxonomic scope 158 (fungi, insects, mammals, and bacteria), the number of species involved, the coverage and quality 159 of the reference databases, and the sequencing technology applied to environmental data. For 160 each case study, we conduct two kinds of analyses. First, we examine how well PROTAX is able to 161 classify validation sequences sampled from the reference database. Second, we apply PROTAX to 162 environmental sequence data to examine the level of species identification resolution that can be 163 expected to be achieved by different kinds of empirical studies. 165 We consider four case studies, for each of which we use three kinds of data: a taxonomy database, 166 a reference sequence database, and environmental sequences originating from an empirical study 167 ( Table 1 ). The case studies vary greatly in many aspects: their taxonomic scopes (mammals, fungi, 168 insects and bacteria), the sizes and coverages of the taxonomies and the reference databases, the 169 barcoding gene used, and the sequencing technology applied. These influence e.g. the level of 170 overlap among genetic variation between consecutive taxonomic levels ( Fig. 1) , with obvious 171 implications to the possibility of species-level taxonomic placement. As the four case studies vary 172 simultaneously in many aspects, their comparison does not enable asking e.g. whether it is 173 7 generally easier to identify insects or fungi. Instead, they are selected to be diverse in order to 174 illustrate the many kinds of issues that influence the accuracy of taxonomic placement. 175 For each case study, we first utilized the taxonomy and reference sequence databases to 176 parameterize the PROTAX statistical model. To do so, we followed Somervuo et al. (2016) , except 177 for small modifications that we describe below. We then used the parameterized model to classify 178 a set of well-identified reference sequences, with the aim of evaluating the classification accuracy 179 of PROTAX at different taxonomic levels, and to assess if the classification probabilities are 180 unbiased. Finally, we clustered the environmental data to OTUs, roughly at the species level, 181 picked the most common sequence to represent each cluster, and used the parameterized 182 PROTAX model for probabilistic taxonomic placement of these OTUs. The aim here was to assess 183 how large a fraction of environmental data can be reliably classified to each taxonomic level, and 184 to examine which fraction of environmental sequence data represents the two unknown 185 categories included in PROTAX: species that are present in the taxonomy but for which reference 186 sequences are available, and species that are missing from the taxonomy. 187 We first describe the three data types (taxonomy database, reference database, and 188 environmental data) that we acquired for each case study, as well as make some remarks about 189 the particularities of each case study. We then explain how PROTAX was fit to these data and how 190 we assessed PROTAX's performance in probabilistic taxonomic placement. Remarks. As we use here individual, very short single-read (typically 100 bp) sequences provided 210 by Illumina HiSeq, we aim to demonstrate how PROTAX performs in the case of high identification 211 uncertainty, rather than attempting to identify the specimens as well as would be possible e.g. by 212 including an assembly step. To illustrate the effect of sequence length, we parameterized the 213 model both for full length and short length sequences. Identifying wood-inhabiting fungi from saw dust samples 233 Taxonomy database. We used the Index Fungorum database (www.indexfungorum.org), classified 234 into the six levels of phylum, class, order, family, genus, and species. We reduced the amount of 235 redundancy in the taxonomy by removing likely synonyms, such as old names of species that had 236 been renamed. The resulting taxonomy consists of 130 795 species. 237 Reference sequence database. To construct the reference database of 75 104 sequences, we used 238 the UNITE+INSD sequence database (https://unite.ut.ee/) consisting of fungal ITS region, 239 complemented with the database of Ovaskainen et al. (2013) . In order to increase the coverage of 240 the reference sequences for poorly studied species groups, we also included those species 241 hypothesis (SH) from UNITE that were more than 97% divergent from the other reference 242 sequences. We extracted the ITS2 region of the reference sequences using ITSx software 243 (Bengtsson-Palme et al. 2013). The majority (73%) of the reference sequences were annotated to 244 the species level, but many only to the genus (11%) level or family or higher levels (16%). We 245 included at most five sequences per species. 246 Environmental sequences. We used fungal ITS2 sequences originating from the study of Genome Sequencer FLX (454 Life Sciences, Roche, Branford, CT, USA). We removed all sequences 251 that were shorter than 150 bp, resulting in 259 327 sequences. We used cutadapt (Martin 2011) 252 to detect the presence of ITS4 primer in order to be sure that the sequence represented ITS2 253 region. To cope with homopolymer errors, all consecutive repetitions of the same nucleotide were 254 removed as in Ovaskainen et al. (2010 Ovaskainen et al. ( , 2013 , both for reference and environmental sequences. 255 Environmental sequences were clustered using UCLUST (Edgar 2010) with 99% identity threshold. 256 Remarks. This case study is aimed to illustrate how PROTAX copes with a very large taxonomy that 257 is only poorly covered by reference sequences. We further use the fungal case study to examine 258 how additional information can be incorporated into the PROTAX model: in addition to the 259 baseline model, we constructed an alternative model, where we gave more weight to species that 260 are expected to be found from the geographic area where the sampling was conducted (for more 261 details, see below).
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Materials and methods
191
Identifying mammals from leech blood meals
262
Identifying bacteria from a food production pipeline 263 Taxonomy database. The taxonomy used for bacteria is different from other taxonomies in the 264 sense that it is not an independent Linnaean taxonomy but it was generated from the Ribosomal Remarks. As noted above, the bacterial case study differs fundamentally from the other case 284 studies as the taxonomy database is not independent of the reference sequence database. 285 Compared especially to mammals and Greenland insects, the taxonomy is likely to be incomplete. 286 Thus with this case study we were interested in examining whether the environmental sample 287 includes a high fraction of material that PROTAX would classify to belong to missing branches.
288
Fitting the PROTAX model 289 PROTAX converts sequence similarities into probabilities of taxonomic classification in a 290 hierarchical manner, starting from the root node of the taxonomy and proceeding towards the 291 species nodes. Each node divides its probability into its child nodes by means of a multinomial 292 11 regression model. The predictors used in the multinomial regression can be chosen in many ways. 293 While the results of Somervuo et al. (2016) suggest that a combination of similarity-based and 294 phylogenetic-based predictors yields the best performance both for simulated and real data, in 295 this study we used solely similarity-based predictors. 296 The regression model for each taxonomic node containing seven predictors ! " , … , ! % . The baseline 297 case where all the seven predictors are zero corresponds to a child node that represents a missing 298 branch of the taxonomy. Predictor ! " is an indicator variable for a known child node that contains 299 no reference sequences, whereas predictor ! & is an indicator variable for a known child node that 300 contains at least one reference sequence. Predictors ! ' and ! ( are, respectively, the mean and the 301 maximum value of pairwise sequence similarities between the query sequence and the reference 302 sequences. To allow PROTAX to account in the predictions for the availability of the number of 303 reference sequences (with which e.g. maximal similarity is expected to increase just by chance), 304 we included as predictors also the log-transformed number of reference sequences representing 305 the child node (! ) ), and the interactions between log-transformed number of reference sequences 306 and mean (! * ) and maximal (! % ) similarities. 307 We calculated pairwise sequence similarities using LAST (Kielbasa et al. 2011 ) with the following 308 deviations from the default parameters. We set the LAST argument -T 1 to make the similarity 309 score represent the entire overlap alignment length between two sequences, excluding only the 310 possible overhangs. We set the gap open penalty to (-a 1). In order to get meaningful values to the 311 mean sequence similarity predictor of the PROTAX model, we set the maximum number of initial 312 matches per query position (-m) values between 1000 and 3000 instead of the default value 10. 313 We replaced pairwise sequence similarities that were missing from LAST output by zeros, and 314 converted sequence similarities to the range [0,1] by dividing the alignment score by the 315 alignment length. 316 We generated training data to parameterize the PROTAX model as described in Somervuo et al. 317 (2016), i.e. by modifying both the taxonomic tree itself as well as its coverage by the reference 318 sequences to mimic the different kinds of outcomes: (i) known species with reference sequences, 319 (ii) known species without reference sequences, and (iii) unknown species or unknown higher 320 taxonomic branches. For each case study, we generated in total 1000 training data points, out of 321 which 100 represented the category (iii), with an even distribution over the taxonomic levels. The 322 remaining 900 sequences representing categories (i) and (ii) were generated by randomly 323 12 selecting one of the species present in the database, and generating training data directly for that 324 species, or if not possible, for another species that was taxonomically as close to the selected 325 species as possible. For example, if the selected species had no reference sequences, we selected 326 the closest species that had at least one such sequence, selected one sequence to represent the 327 query sequence, and removed all the other sequences to mimic a species with no reference 328 sequences. 329 In our baseline analyses, we assumed a priori that all species that are part of the Linnaean 330 taxonomy are equally likely to be present in the empirical sample. If there is prior information 331 about which species are more likely to be found from an empirical sample than others, such 332 information can be incorporated into PROTAX by a weighting scheme, which can be considered as 333 an informative prior in the context of Bayesian analyses. To illustrate the influence of the prior, we 334 conducted an alternative version of the fungal analyses, where we gave more prior weight for 335 those species that are known to occur in Finland, as our environmental samples originate from 336 there. From the list of Finnish 6645 fungal species, we could map 4718 names to the 130 795 337 species taxonomy. In the weighted analysis, we assumed a priori that each sequence present in 338 our environmental sample represents one of the species known to occur in Finland with 339 probability 90%, and thus dividing the remaining probability of 10% among the remaining species. 340 We derived maximum a posteriori (MAP) parameter estimates for the PROTAX models using the 341 Bayesian approach presented in Somervuo et al. (2016) , except that in the present study we 342 parameterized the models separately for each taxonomic level. The model parameters for each 343 level include the seven regression coefficients corresponding to each of the predictors, as well as 344 the probability by which the reference sequence is mislabeled (Somervuo et al. 2016 ).
345
Evaluating the performance of PROTAX 346 We used the parameterized PROTAX models to perform taxonomic placements of both reference 347 sequences as well as environmental sequences. In the first set of analyses, we performed 348 taxonomic placements for 1000 validation sequences, which were chosen from the reference 349 sequence database in the same way as the training sequences described above. While PROTAX 350 yields for each of these the full probability distribution over possible outcomes, we selected here 351 only the outcome with the highest probability. We considered a taxonomic placement as 352 "plausible" if the classification probability was at least 50%, and as "reliable" if the classification 353 13 probability was at least 90%. To examine the overall confidence of classifications, we computed 354 the proportions of plausible and reliable classifications at each taxonomic level. To assess if the 355 probabilities of taxonomic placement were unbiased, we ordered the classification probabilities 356 from lowest to highest, and computed a cumulative sum of both these probabilities as well as the 357 indicator variables describing whether the outcome predicted with highest probability was a 358 correct one. We then plotted these two cumulative sums against each other. If the classification 359 probabilities are unbiased, such a plot should follow the identity line. 360 In the second set of analyses, we performed taxonomic placements for the environmental 361 sequence data. As the mammalian, fungal and bacterial case studied involved a large number of 362 sequences generated by high-throughput methods, we first clustered these sequences. The data 
Results
379
As expected based on our earlier results (Somervuo et al. 2016 ) and the fact that PROTAX is a 380 statistical model fitted to training data, PROTAX yielded essentially unbiased probabilities of 381 taxonomic placement for all the cases considered. This is evidenced by the fact that all lines in Fig.   382 2 generally follow the identity lines, the small deviations being attributable either to sampling 383 14 error due to finite sizes of the validation data sets, or to issues related to model misspecification, 384 the latter of which we return to in the Discussion. The probabilities shown in Fig. 2 are level-385 specific, thus asking e.g. how well genera can be separated within a known family, or how well 386 species can be separated within a known genus. For high taxonomic levels, these probabilities are 387 lowest for fungi, which is consistent with the fact that for fungi there is the greatest amount of 388 overlap in sequence similarities among consecutive taxonomic levels (Fig. 1) . For example, if 389 within-species similarities are sometimes lower than among-species similarities, accurate 390 taxonomic placement to the species-level is not always possible. identifications is always higher than that of reliable identifications. Second, as the lower level 402 taxonomic placements are conditional on the higher level ones, the fraction of reliable (and 403 plausible) identifications decreases monotonously with taxonomic level. 404 Beyond the above made trivial remarks, Fig. 3 shows a number of interesting results. As the first 405 result, that we derive from the taxonomic placement of the validation sequences, reliable species-406 level identification (dashed black lines in Fig. 3 ) was most successful for insects (74% of the 407 sequences), followed by mammals (46%) and fungi (15%). These numbers do not reflect only the 408 resolution of the barcoding sequences (Fig. 1) , but also the fact that the insect taxonomy and 409 reference sequence databases were restricted to species occurring in Greenland, whereas the 410 mammalian and fungal databases were global and thus were larger and more heterogeneous 411 (Table 1) . For mammals, full-length mt 16S sequences (black crosses in Fig. 3C ) can be expectedly 412 classified with much higher confidence than fragmented sequences (black dots in Fig. 3C ), the 413 15 latter corresponding to the nature of the environmental data. In case of bacteria, reliable genus-414 level identification was possible for the majority (62%) of the cases. 415 As the second result, Fig. 3 shows that taxonomic placement of environmental sequences is often 416 less reliable than that of reference sequences (mammals and fungi), but sometimes environmental 417 sequences can be identified essentially equally reliably (insects) or even more reliably (bacteria) 418 than reference sequences. The main reason why taxonomic placement of environmental 419 sequences for mammals was much more difficult than that of reference sequences is simply that 420 in our case study the environmental sequences were very short fragments. If fragmenting the 421 reference sequences equally much (into 100 bp segments), their taxonomic placement became 422 essentially equally unreliable than that of reference sequences (lines with black dots in Fig. 3C ). In 423 case of fungi (Fig. 3A) , the reason for the difference between the taxonomic placement of the 424 reference and environmental sequences was not only a similar (though less pronounced) 425 difference in sequence length and quality as for mammals, but also the fact that the 426 environmental sequences are likely to represent many unknown units that are lacking from the 427 taxonomy. If bringing the prior information that, instead of any globally known fungi, the species 428 within the environmental sample are likely to represent species that are known to occur in 429 Finland, the proportion of reliable identifications increases dramatically from 3% to 14% (Fig. 3C) . 430 The reason why for the insect data (Fig. 3D ) the taxonomic placements are essentially equally 431 reliable for the reference and environmental sequences is that for this case study both kinds of 432 sequences were acquired by identical methods, i.e. Sanger sequencing of DNA sampled from 433 individual specimens. Thus, the only differences between the two were whether the specimens 434 were identified morphologically or not, and whether the specimens represent a random sample of 435 the community (environmental sequences) or whether they were targeted to represent the entire 436 community (reference sequence data). The most curious case is that of bacteria, where reliable 437 genus level taxonomic placements were more frequent for environmental sequences than for 438 reference sequences (Fig. 3B) . The likely reason here is that in this case the environmental 439 sequences originated from the food production pipeline, the bacterial communities of which 440 represent one of the most well studied groups, and thus are better covered in the reference 441 sequence database than bacteria in general. Hultman (2015) was supported by the 459 PROTAX results. Concerning insects, the majority of the species belonged to Diptera and the 460 minority to Hymenoptera. Among the total of 104 distinct species that were reliably identified, the 461 most common one was Drymeia segnis, which has been observed to be common in the study area 462 also based on morphological identifications (Rasmussen et al. 2013) . 463 In Supporting Information, we provide the same information as shown in Fig. 4 as interactive 464 HTML files, which allow the pie charts to be displayed using a standard web browser without any 465 additional plugins. This allows one to examine the taxonomic placements and their reliabilities in Somervuo et al. (2016) . However, it is important to understand 476 that the classification accuracy does not necessarily increase when taking all uncertainties into 477 account; it can rather be the opposite. To put it bluntly, it may be more tempting e.g. to claim that 478 the study detected the endangered mammal Giant Muntjac from a leech blood meal, rather than 479 to specify that this was the case with 43% probability, as the latter statement makes it explicit that 480 the species behind the sequence may actually have been some other one. However, making 481 uncertainty explicit is necessary for scientific reliability. 482 There are many choices to be done when applying DNA (meta)barcoding to an empirical case 483 study. As illustrated by our results, these choices can have a major influence on the reliability of between the taxonomy and the reference databases are expected to decrease the probabilities of 493 taxonomic placement, but not to bias them. As one example, we used the RDP database for 494 bacteria. Since the reference taxonomy was constructed based on the reference sequences, 100% 495 of the taxa in the validation data were covered (Table 1) . Somewhat surprisingly, the bacterial 496 reference database appeared to represent also the vast majority of the environmental sequences, 497 with only very few missing branch identified (Fig. 4) . This however does not mean that the used The second set of choices to be made relates to the DNA barcode applied, as well as the 506 sequencing technology. As has been long pointed out, an optimal barcoding gene should involve 507 much variation among species but only little within a species (Meyer and Paulay 2005) . Further, 508 the environmental sequences should obviously have as long read length and as high quality as 509 possible. For example, if in the mammalian case study full length mt 16S rRNA sequences had 510 been available instead of the very short 100 bp fragments used here, the proportion of reliable 511 taxonomic placement would have been likely to increase from the present 0% to ca. 46%, where 512 the latter was the proportion of reference sequences that we could classify reliably. But even if 513 one would have full length sequences and complete taxonomic and reference sequence 514 information, some uncertainty will inevitably remain. For example, in the insect study the 515 mosquito species Aedes impiger and Aedes nigripes could not be disentangled since their COI 516 sequences are identical, and thus PROTAX assigned for some of the specimens a probability close 517 to 50% for both of these species. To resolve such cases, a deeper genomic approach (Bourke et al. 518 2013) than the single gene DNA barcoding approach should be used. 519 The third set of choices relates to the way in which the training data in PROTAX are generated, 520 technically the prior assumed for the empirical data. This is probably the most critical and at the 521 same time most difficult choice to be done by the user, as making a justified choice requires 522 biological knowledge and intuition. For example, one may assume either that each sequence in 523 the environmental sample represents any of the species present in the taxonomy with equal 524 probability (as we have done here), or utilize a hierarchical prior that assumes that each branch 525 under a given node is equally likely (as we did in Somervuo et al 2016). One may further give 526 additional weight for species that are known to occur in the geographic region where the samples 527 originated, as we did for the fungal case study. If such information is available, the prior can also 528 be adjusted e.g. based on the expected abundances of the species, or on the match between the 529 substrates sampled and the habitat requirements of the species. In addition to the known species, 530 the prior involves an assumption about the frequency of missing branches at different parts of the 531 taxonomic tree. As it may be difficult to make informative choices about all of the above 532 mentioned aspects, we recommend the user the test the sensitivity of the results against different 533 choices of the prior, as should be done with Bayesian analyses in general. 534 Finally, the fourth set of choices relates to the predictors used for the multinomial regression 535 underlying the PROTAX model. In this paper, we have used simply similarity-based predictors, 536 19 even if our previous work suggests that similarity-based predictors and phylogeny-based 537 predictors involve complementary information and thus their combination optimizes performance 538 (Somervuo et al. 2016 ). The reason behind the choice made for the present work was mainly 539 computational, as some of our databases were extensive, making LAST-based similarity the most 540 practical choice. For fungi, the use of phylogeny-based predictors is challenging also for the reason 541 that the construction of multiple sequence alignments is difficult with the ITS region only. 542 Phylogeny-based methods are easier/more suitable with conserved barcodes such as CO1 and 543 mt16S which allow sequences to be globally aligned even at high taxonomic levels. In more refined 544 studies focusing on any specific case study, the set of predictors should be optimized to maximize 545 the reliability of taxonomic placements. While there is no objective way to select the best prior, 546 the choice of the predictors can be optimized more or less objectively by examining which 547 predictors maximize unbiased probabilities of taxonomic placement for independent validation 548 sequences. The reason why for some choices of the predictors the classification probabilities can 549 be biased (as was to a limited extent a case for some of our case studies, Fig. 2) is that while the 550 PROTAX model is parameterized by training data, the model may be structurally misspecified. For 551 example, we have assumed that the model parameters are constant across the taxonomic tree. 552 Thus, when classifying an environmental sequence e.g. to the species level under a known genus, 553 the parameters (and thus the influences of the predictors, such as sequence similarity) are 554 assumed to be independent of the genus. This assumption is not likely to hold for large and 555 heterogeneous taxonomic groups, such as all mammals or all fungi. An indication of this in our 556 results was that, at the species level, the parameter estimates obtained for mislabeling probability 557 were much inflated, being ca. 80% for mammals and ca. 60% for fungi. This does not suggest that 558 there is such a vast amount of mislabeling, but that PROTAX used the mislabeling parameter to 559 correct for model misspecification. Thus, an important challenge for future work is to further 560 develop the statistical model underlining PROTAX, either by building a hierarchical structure that 561 allows for heterogeneity in the parameterization, or by finding predictors that are able to correct 562 for such heterogeneity. 563 To conclude, molecular species identification by DNA barcoding and metabarcoding is an exciting 564 and rapidly evolving research field, which has major potential to change our understanding of the 565 structure and functioning of ecological communities. To make the use of these methods practical 566 and reliable, a key challenge is the completion and pruning of taxonomic and reference sequence 567 20 databases, as well as making these two sources of information compatible. Similarly important is 568 the application and further development of statistical methods that allow one to make the most 569 out of such data by providing accurate taxonomic placements and reliable assessments of the 570 uncertainties inherent in such placements. Such methods are critical for providing a firm basis for 571 deriving species-and community-level inferences from DNA (meta)barcoding data, especially for 572 environmental DNA that by definition do not have physical specimens that could be verified 573 independently. Incorrect assignments can result in accumulated interpretation error, which can 574 result in wasted resources and social conflict in multiple social arenas, from conservation to food 575 safety. It is important to get the name right -or to be aware that it may be wrong. 
